Introduction
Kurtzke's expanded disability status scale (EDSS) is the primary clinical outcome for evaluating multiple sclerosis in clinical trials. Kurtzke originally detailed a disability status scale (Kurtzke, 1955) and later revised it to encompass a more refined classification system of patients, now known as the EDSS (Kurtzke, 1983) . The EDSS is based on neurological examination of eight functional systems, usually performed by a neurologist. While problems of standardization, sensitivity, reliability and rater-to-rater variability have been documented, the EDSS remains a useful tool for classifying multiple sclerosis patients by disease severity and has been used extensively to assess disability and its changes in virtually every therapeutic drug trial for multiple sclerosis.
Because of the problems associated with its use, continued reliance upon the EDSS as an outcome measure in randomized clinical trials is a concern to the multiple sclerosis clinical research community. For the first time, there are therapeutic agents which appear to have a favourable impact on the course of disease. With the introduction of these new treatments, the use of placebo control groups in further therapeutic trials is questionable, both ethically and practically. Comparison of experimental treatments against actively treated controls will replace placebo controlled randomized clinical trials for some forms of the disease. The movement from placebo control groups to active treatment patient control groups will likely give rise to smaller between-group differences. This will escalate the required sample size or lengthen the necessary duration of trials to achieve sufficient statistical power using currently available outcome assessment tools. In the absence of more sensitive and responsive outcome measures, the burden of trials will escalate and this will be reflected in increased costs to pharmaceutical company sponsors, outside funding agencies and ultimately, to patients and third-party payers, as costs of developing successful products are passed on to end users.
In February 1994, the National Multiple Sclerosis Society sponsored an international workshop entitled 'Outcomes Assessment in Multiple Sclerosis Clinical Trials' in Charleston, South Carolina to review and evaluate the variety of outcome tools then available for use in multiple sclerosis. From this meeting there emerged a recommendation that a refined or new clinical rating scale be developed which met the following criteria: (i) it should be multidimensional to reflect the varied clinical expression of multiple sclerosis across patients and over time; (ii) these dimensions should change relatively independently over time; and (iii) important clinical dimensions not emphasized in current rating scales (such as cognitive function) should be measured (Whitaker et al., 1995) .
Subsequent to this workshop, the National Multiple Sclerosis Society USA's Advisory Committee on Clinical Trials of New Agents in Multiple Sclerosis appointed a Task Force on Clinical Outcomes Assessment to address this recommendation. Two key components recommended by the Task Force were: (i) to focus on quantitative functional measures as components of a composite outcome measure (Tourtellotte et al., 1965; Potvin et al., 1985; Goodkin et al., 1995; Syndulko et al., 1996) ; and (ii) to develop specifications for a 'meta-analysis' of primary and secondary outcome assessments in existing multiple sclerosis clinical and historical data sets that would provide an objective basis for developing the recommended multidimensional outcome assessment tool.
In setting these guidelines, the Task Force recognized that it would require access to extant data from pharmaceutical companies (primarily from sponsored therapeutic trials) and from independent investigators (from natural history studies, independently performed clinical studies and therapeutic trials). The use of a pooled data set would allow the development of common methods and criteria for comparisons among multiple candidate measures. Furthermore, use of a pooled data set derived from a variety of sources would reduce the likelihood of bias introduced by dependence on a single data set.
The Task Force developed six guiding principles for the composite development and analyses that are reported in this paper: (i) to use measures that reflect the major clinical dimensions of multiple sclerosis; (ii) to avoid redundancy; (iii) to use simple rather than complex measures; (iv) to improve on the valuable characteristics of the EDSS; (v) to emphasize measures sensitive to change; and (vi) to develop an outcome measure that will be useful in clinical trials (and may or may not be directly useful for clinical care). These principles helped to structure the analysis plan. The process drew by necessity on the experiences of prior investigations.
In this paper the rationale, methods and primary results of the data-gathering and meta-analysis that was performed by the Task Force are described. The recommendations emerging from this effort-a composite clinical rating scale that satisfies the requirements set out initially-have been presented separately (Rudick et al., 1995) .
Material and methods

Obtaining data sets
Members of the National Multiple Sclerosis Society Task Force on Clinical Outcomes Assessments in multiple sclerosis identified existing longitudinal data sets from multiple sclerosis clinical trials and natural history studies that contained both clinical and functional measures. In most instances the request for data was met with a favourable response. Pharmaceutical companies were generally supportive, but had specific proprietary concerns that had to be formally addressed. One or two independent investigators were opposed to relinquishing data or were restricted by policies of their institution on release of data to outside sources. Some data were not in computer-readable format and Goodkin et al. (1995) ; 5 Jacobs et al. (1996) ; 6 The IFNB Multiple Sclerosis Study Group (1993); 7 Johnson et al. (1995) ; 8 Rudick et al. (1995) ; 9 Ellison et al. (1994) ; 10 Paty et al. (1994) ; 11 Sipe et al. (1984) ; 12 Weiner et al. (1989) ; 13 Confavreux et al. (1980) ; 14 Rao et al. (1991) .
were not pursued. Table 1 provides a list of the contributors to the data repository used in these analyses with the primary type of patients included in each data set. Data collection was completed in 15 months.
Restrictions and agreements
The Task Force chose to analyse only variables that appeared in at least two different data sets in order to allow generalization and to guarantee that the source of the data could be masked, as well as ensure the focus of analyses would be on the development of the outcome measure and not a reassessment of clinical trial results. Furthermore, only the placebo arms of the clinical trials studies were used to ensure the appropriate focus and estimation of changes with limited impact from treatment (treatments differed widely over the study data collected). For a data element to be used, the variable had to be measured at least twice, at baseline and at 1 year follow-up.
Processing and pooling data sets
Datasets were received on magnetic media, archived and examined to ensure that basic data could be used. Data dictionaries were catalogued to provide documentation for all data received. Common naming conventions were created for each measurement scale or variable across all datasets (Table 2) . Care was required to ensure similar definitions across datasets. Although two variables could have the same label on the magnetic media or documentation, it was not always the case that they had the same meaning. For example, duration of disease was computed from the time since initial diagnosis in some datasets but from onset of symptoms in others. This required the creation of two separate variables. For some common variables, including the EDSS, potential differences between studies in the definitions and administration of the instruments were ignored. The resultant pooled variable was accepted with its potential increase in variability (noise) due to these differences. Datasets were masked as to their origin in the pooled dataset.
Guidelines for evaluation
The Task Force, based on clinical expertise, identified the major clinical dimensions of multiple sclerosis and specified criteria by which to proceed (Rudick et al., 1996) . The major clinical dimensions identified for evaluation were arm, leg, cognitive and visual.
Analysis process
The criteria established by the Task Force to select candidate component measures included: good correlation with the biologically relevant clinical dimensions; good reliability of the measurement; the ability to show change over time; and availability of a minimum of two data points 1 year apart. Once the combined dataset was complete, we examined means, ranges and standard deviations of candidate variables. We next examined the correlations among candidate measures. Based on the descriptive data and these correlations, we used construct validity (the extent to which the measure of interest correlates with other measures in predicted ways, but for which no true criterion exists) to reduce the number of candidate measures. That is, individual measures within the same clinical dimension should correlate with each other (convergent validity) and not with measures of different clinical dimensions (discriminant validity). Applying these criteria, we identified a subset of candidate measures. We compared reliability estimates observed from the literature 
Strategies to increase sample sizes
Despite the quantity of prospective multiple sclerosis data available, measurements of the reduced set of candidate assessments [EDSS, nine hole peg test, box and blocks test, Purdue pegboard, timed walk, gait test, ambulation index, paced auditory serial addition test (PASAT -2 and 3 minute versions) symbol digit modality test (SDMT), visual function (visual acuity and visual functional system)] were only available in four of the datasets which made up the primary subset of the pooled dataset used for these analyses (Smith, 1973; Gronwall, 1977; Conover, 1980; Hauser et al., 1983; Mathiowetz et al., 1985a, b; Goodkin et al., 1988; Desrosiers et al., 1994; Schwid et al., 1997; Wiens et al., 1997) . In addition, the range of baseline EDSS scores for any specific variable was different among datasets. For each clinical dimension, we used any of the related candidate variables to represent that clinical dimension for a patient (i.e. for arm function, one study might have results from a Purdue pegboard test only, whereas another had only a nine hole peg test). If there was more than one variable available, we used a hierarchy of choice which was based on the results of preliminary analyses of the individual measures (Table 3) . The EDSS was not considered as part of the MSFC as the objective was to have a standard to assess performance and an outcome measure based on quantitative measures. Univariate statistics were computed using Spearman rank correlations and χ 2 tests. Concurrent and predictive validity were obtained from a logistic regression model.
Creation of a Z-score
To use different variables within the same dimension that inherently measure a dimension differently, it was necessary to define a common metric. For example, for the nine hole peg test, the time required to put nine pegs into nine holes and then remove them is measured. To measure arm function using the box and block test, the number of blocks put into the box in a specified time (usually 60 s) was counted. Thus, with one test we have a count and the other an average time. To make the metrics from tests comparable, we considered how much 'above' or 'below' the average of the population in the pooled dataset the patient performed on the respective test. A patient who performed below average on the box and blocks test would be expected to perform below average on the nine hole peg test and vice versa.
A common statistical approach which relates an individual's performance to the average performance in the population is a standardized score, also called Z-score. A Z-score is the number of standard deviation units a patient's score is below or above the average score. Provided the underlying measurements are continuous or count variables over a sizeable range, a Z-score can be created for each. Such a computation creates a 'unitless' score that is no longer related to the original units of analysis (i.e. blocks or seconds) as it measures number of standard deviation units and therefore can more readily be used for comparisons.
Quantitative composites
By using a Z-score of an arm function test to represent the quantitative performance of the upper limb and another Z-score measuring leg function to quantify performance of the lower limb, we are able to sum these two Z-scores to form an overall average score of limb functions for the patient. Patients who have poor arm function but good leg function will score closer to zero than patients who have deteriorated in both arm and leg function and are thus likely to exhibit Z-scores below average on both tests. The MSFC evaluates the performance of a patient on these two tests against the average of all patients in our cohort. Similarly, we can add test scores to include information on other important clinical dimensions of disease.
To combine variables, Z-scores across all time points were computed. Some of the candidate tests measured deterioration in function as an increase in score (e.g. timed tests such as the nine hole peg test) while in other cases (e.g. the box and block test) a decrease in score reflected a deterioration in function. Therefore, the directions of Z-scores for different candidate variables were adjusted so that in all cases higher Z-scores corresponded to a better outcome. For example, the Z-score for a timed test, like the nine hole peg test, where a higher score is worse, was multiplied by -1 to make the direction of the Z-score the same as for the box and blocks test, where a lower score is worse. For data that was ordered or ranked, we used Van der Waarden scores, which are Z-scores based on the ranks of the values (Conover, 1980) .
Standardizing each variable involved a decision about what population means and standard deviations (the standard) to use in creating the Z-score. Obvious candidates included: results from normal subjects, all patients in our study cohort and all multiple sclerosis patients in the pooled dataset. The population choice used to standardize the Z-score does not affect comparisons on a single variable over time (e.g. assessing whether there has been significant change in the box and blocks test results), but does have impact when Z-scores are combined across clinical dimensions. The impact is equivalent to selecting different weighting factors for each component. We opted to standardize using baseline values for all patients from the datasets under consideration. Primarily this choice was based on the clinical relevance of the measure and ease in interpretation. Using normal reference values skewed the Z-scores making most patients worse than normals. Interpretation in terms of better or worse than an average patient seemed more intuitive.
Special considerations in the computation of the Z-score were necessary for patients who were unable to complete a test. Even though these patients' values are missing they are not missing in the usual sense. They provide important information as they are in some ways the worst score possible. We evaluated the use of several procedures to substitute a value to use as an indicator of non-performance, including an inverse score (1/time of the measure) that makes numbers closer to zero correspond to poorer performance and larger values to better performance. We also considered assigning a maximum Z-score for persons unable to complete the task. This would be the largest Z-score observed among those providing data on a test. For these analyses, the data substitution was done only for arm and leg functions since the reason for missing values for the cognitive and visual tests were not designated in the dataset. The use of a maximum Z-score results in a highly skewed distribution. When this occurs statisticians often transform the data by taking the inverse of the raw data value, i.e. 1/time. This was done for the nine hole peg test, but the timed walk did not provide a sufficiently extreme value for the Z-score to indicate how poor the patient's ambulation had become (this Z-score was only -2). In most datasets the inability to perform the nine hole peg test was coded as 777. Keeping that convention, 1/777 was used to represent the inability to perform the test, providing a value sufficiently small but still informative. For the timed walk the actual time was used to create the Z-score. When a patient was unable to complete the test, the maximum time observed in the pooled dataset was used to create the Z-score to represent this inability. A manual with information on the use of the MSFC, detailing the algorithm, will be available from the National Multiple Sclerosis Society (Fisher et al., 1999) .
A composite based on such Z-scores can also measure the change in performance over time. By computing the composite at one point in time and measuring the patient at a later point in time, the difference between the Z-scores can be used to measure improvement or worsening.
Validation strategies
To ensure that we had satisfied Task Force recommendations for a refined clinical outcome measure, we examined both the concurrent and predictive validity of the MSFC. Concurrent validity was defined as change in the MSFC compared with sustained change in the EDSS over the same 1 year period (measured over 15 months to achieve sustained change at 12 months). Predictive validity was defined as change in the MSFC occurring over the first year of follow-up compared with subsequent change in EDSS among those patients with no sustained change in EDSS during the first year. Predictive validity was felt to best illustrate and validate the MSFC construction. Statistical significance tests were performed using logistic regression and χ 2 tests.
Results
Not surprisingly, the variable we found in more datasets than any other was the EDSS. This reflects the heavy reliance on this measure in most contemporary clinical trials. Figure 1 shows the distribution of baseline EDSS values in the pooled dataset. This distribution is similar to those reported in most natural history studies of the EDSS, with a paucity of values between EDSS 4 and 5.5 (Weinshenker et al., 1989) . The relative lack of observations at EDSS 0 reflects the fact that patients normally seen in clinic-based populations have experienced their disease for some time prior to coming to the clinic. Figure 1 also presents the distribution of patients by duration of the disease from time of diagnosis. The majority of patients are more than 10 years post-onset. The average duration of disease increased as EDSS increased, but not in a smooth linear fashion. There is also a great deal of overlap in the time it takes to attain a particular EDSS level, indicative of the differing patient types included in the pooled dataset (Weinshenker et al., 1996) .
Since in the concurrent validation strategy change in the MSFC will be compared with a 3 month sustained change (an increase of 1 step sustained for 3 months if the EDSS score was Ͻ5.5 and half a step if the EDSS score was ജ5.5) in the EDSS occurring during the first 15 months, the amount of change occurring in 1 year by baseline EDSS was examined. Figure 2 shows that on average 10% of patients experience a sustained change over the first 15 months of observation but that the rate of change varies with EDSS level.
Analysis of individual variables
We examined the univariate results for each candidate variable to assess whether it appeared to change over time, was present in a sufficient number of patients to provide meaningful generalization and had the desired measurement properties. We found that we did not have a measure of visual function that seemed to meet these criteria. The visual acuity values did not show sufficient change over time and did not correlate with changes in the EDSS. This left us with the remaining clinical dimensions identified by the Task Force (arm, leg and cognitive function). These three dimensions formed the basis of our 3D composite score. We then examined the performance of the variables within each clinical dimension in terms of change over time, correlation with each other and reliable measurement characteristics (data not shown).
Spearman rank correlations based on all pairs of measurements available were computed. Brainstem and cerebellar functional system scores were positively correlated (r ϭ 0.49). Among the functional tests, there was a high correlation between the nine hole peg and box and block tests (r ϭ -0.73). The Purdue pegboard test was highly correlated with the quantitative examination of neurological function upper extremity composite (r ϭ 0.85) which was not surprising given that the Purdue test pegboard is a component of this composite. The correlation between quantitative test measures and neurological rating scores were highest between the nine hole peg test, the box and block test and the cerebellar functional system score (r's of 0.59 and -0.58, respectively). The correlations of the nine hole peg test and box and block test with the brainstem functional system were slightly lower (r's of 0.41 and -0.40, respectively). Thus, it appeared that these two different functional tests (nine hole peg test and the box and block test) were roughly equivalent in terms of their ability to represent the relevant Kurtzke functional system scores and most likely provide similar information. The SDMT was negatively correlated with the mental functional system (r ϭ -0.36), whereas both the PASAT (2 minute version) and the PASAT (3 minute version) showed a correlation of r ϭ -0.18.
The box plots provided in Fig. 3A and C show the distribution of the three component measures that were ultimately included in the MSFC by baseline EDSS. The line inside each box represents the median score for that measure. Data for the timed walk of 25 feet is presented in Fig. 3A . There was limited variation and little change in score in the lower range of the EDSS but a much larger variability in the timed walk score above EDSS 5.5. Figure 3B presents the average nine hole peg test by levels of the baseline EDSS. There is a roughly linear average worsening in the nine hole peg test score as the EDSS level increases. Furthermore, in the lower range of the EDSS (ഛ3.5) we observed a symmetric distribution of the time taken to complete the nine hole peg test with a gradual increase in times and skewness as EDSS or duration of disease increased (not shown), as well as increased variation in time. Finally, Fig. 3C shows the PASAT (3 minute version) scores, which have a wide overlap across EDSS and slight downward trend indicating declining performance as EDSS increases.
The correlation between the 1 year change in the nine hole peg test results and the change in EDSS was modest (r ϭ 0.27). As expected, the correlation between the box and block test score changes and the change in EDSS is of the same magnitude and direction (r ϭ -0.26). The correlation for the change in the timed walk with the EDSS change was slightly higher at r ϭ 0.41. With regards to the cognitive variables the largest correlation found was for change in the PASAT (2 min version) versus change in EDSS (r ϭ -0.15). The other two cognitive test variables have correlations of -0.13 and -0.06 for the PASAT (3 min version) and SDMT, respectively. However,~1% more patients had PASAT (3 min version) scores than PASAT (2 min version) scores. 
Analysis of composites
The three component composite which showed the most change over the entire range of EDSS consisted of the timed walk of 25 ft, the nine hole peg test and the PASAT (3 min version). Table 4 provides the Spearman rank correlations among the individual composite components, the overall composite and the EDSS. As expected each of the individual dimensions of the composite (arm, leg and cognitive) were correlated as expected with the overall composite (0.81, 0.67 and 0.68, respectively). Individual correlations between the various dimensions were much lower; for arm versus leg and arm versus cognitive components (r's ϭ 0.39 and 0.36, respectively) and for leg versus cognitive (r ϭ 0.21). The correlation between the overall composite score and the EDSS was -0.47. As expected, the leg dimension was more highly correlated with the EDSS than the arm dimension with an even smaller correlation for the cognitive component versus the EDSS (-0.52, -0.33 and -0.23, respectively) . This provides strong evidence of face validity as well as convergent and divergent validity. That is, the MSFC and its components correlate reasonably well with the EDSS while containing additional information on the variability of patients from the arm dimension and even more from the cognitive dimension which is not measured by the EDSS. The MSFC score was assessed for changes over time using baseline, 1 year and 2 year assessments as the time points. The changes over time are subject to disease progression, patient drop-outs and practice effects that occur when patients are performing these tests for the first time. We did not have data from which we could separately identify the magnitude of each component of change. The average composite score for all measurements available was -0.07 at baseline, -0.07 at 1 year and -0.16 at 2 years. These values show no change from baseline to 1 year and then a decline between year 1 and year 2. We re-examined these averages for a cohort of patients who had all three measurements. The average values for these subjects were -0.04 at baseline, 0.01 at 1 year and -0.14 at 2 years. These data suggest that the patients who did not have all three measures had lower composite scores, lowering the average values slightly for the baseline values. The cohort remaining in the studies for 2 full years show an initial improvement (an increase in the MSFC from baseline to 1 year) and then a substantial decline from year 1 to year 2.
The improvement could be real but is most likely the result of the practice effect that may be occurring in these tests. Practice effects, that is improvement in test scores because of increasing familiarity with the test, cause patients to appear as if they improve clinically when in fact it is only due to repeat testing. These practice effects can dampen change over time because of a lower than actual baseline value due to patient inexperience with the functional tests. The subsequent values provide more realistic assessments of the MSFC values. To attempt to assess whether this was a real improvement or a practice effect, we assessed the mean of all the measurements taken 6 months after baseline. This value was 0.04, higher than either the baseline or 1 year results, suggesting that the lack of 1 year change was in fact influenced by practice effects.
Concurrent and predictive validity
For concurrent validity, we compared the 1 year change in the MSFC score (baseline to first year annual visit) with a 3 month sustained change in the EDSS, defined as a 1 step change in EDSS at or below 5.5 and a 1/2 step change above 5.5 occurring during the first year. Figure 4 shows the mean change over 1 year in the MSFC score compared with change in EDSS during the same time period (Spearman r ϭ -0.22, P Ͻ 0.0001), illustrating the greater changes in the MSFC as the EDSS changes. The relationship of the changes in the MSFC versus EDSS stratified by the group with EDSS ഛ3.5 at baseline versus those patients with EDSS Ͼ3.5 at baseline is also presented. The rank correlations between these changes are -0.18 (P ϭ 0.0186) and -0.30 (P Ͻ 0.0001), respectively, which would indicate that concurrent validity is better for more disabled patients. Figure 5 shows the percentage of patients experiencing a sustained EDSS change in the first year by quintile of change in the MSFC. Only 11.8% of the patients in the lowest MSFC change quintile experienced a sustained change in the EDSS over the first year compared with 38.7% of those patients in the highest quintile of composite change. This 3.5-fold increase in percentage change supports concurrent validity. Placebo patients worsening by at least 1 SD unit on the MSFC (5.5% of all the placebo patients considered) were approximately two times more likely (odds ratio of 2.1, P Ͻ 0.0001) to experience a sustained change in the EDSS (e.g. a 3 month sustained increase in the EDSS) within the same year.
We assessed predictive validity by estimating the ability of change in the MSFC to predict subsequent changes in the EDSS using the rules for a sustained change described above. In this analysis, we eliminated all patients who experienced a sustained change in the EDSS during the first year and assessed patients over their remaining time (mostly up to 2 years) in the dataset. Figure 5 also shows the predictive validity results by the original quintiles of composite change; 19.7% of the placebo patients in the quintile with the least amount of composite change experienced a subsequent sustained change in their EDSS. Of those patients in the highest quintile of composite change, 39.0% had a subsequent sustained change on EDSS. Again, this pattern suggests good predictive validity. The odds ratio for experiencing a subsequent sustained increase in EDSS was 1.6 (P ϭ 0.0044) for a patient who experienced at least one standard deviation unit change in the MSFC in the first year. When follow-up was restricted to 15 months from the first year, the results were not altered appreciably.
To assess the percentage worsening on the MSFC we dichotomized the composite change into worsening or not worsening. Approximately 40% of patients worsened in the first year (change in Z-score Ͻ0), while 60% did not (change in Z-score ജ0). The percentage worsening in the first year among those patients whose EDSS was 3.5 or below at baseline was 35.1%, whereas 43.2% of those with baseline EDSS Ͼ 3.5 worsened in the first year.
Discussion
A clinical outcome measure is the result by which to judge an intervention. In the best cases the clinical outcome is both relevant and unequivocal. An example would be the impact of treatment for a fatal disease on mortality where death would be the primary outcome measure. Such simple outcome measures are highly desirable, but may not be achievable for a complex chronic disease like multiple sclerosis. Therefore, a narrow measure of a single clinical dimension of multiple sclerosis may be inappropriate and is very likely to be misleading. The Clinical Outcomes Assessment Task Force identified four major clinical dimensions of multiple sclerosis that should be considered in any clinical trial outcome measure: arm function, leg function and ambulation, cognitive function and visual function (Rudick et al., 1996) . Clinical dimensions excluded are still considered important for patient care. The available measures of visual function were not sufficiently informative to add to this composite. Other candidates, such as contrast sensitivity, were not available. This dimension could be reconsidered in future studies.
From these measures, the Task Force has defined a composite score (MSFC) with both concurrent and predictive validity against an accepted although imperfect standard. The MSFC is designed to capture relevant information about the status of disease within and among patients, even though it does not measure every aspect of the disease that is meaningful to the patient or to the treating physician.
We found that performance on simple quantitative composites that included arm, leg and cognitive function declined with disease duration and with EDSS, the current standard clinical trial measure of neurological disability in multiple sclerosis patients. Furthermore, we found that performance on the individual components of the MSFC and the MSFC itself correlated with EDSS, and that change in the MSFC correlated with change in EDSS. Of considerable importance, the MSFC change predicted subsequent change in EDSS. Among patients with no change in their EDSS, a number exhibited changes in the MSFC suggesting the possibility that composite change may be informative in a clinical trial setting earlier than the EDSS.
We used a combination of studies and measures to reduce the candidate measures for each multiple sclerosis clinical dimension outlined by the Task Force. Subsequently, it was only the trial data that provided the actual measures for evaluation. These measures were pooled using Z-scores within clinical dimensions to increase the sample size, and consequently to have more power and generalization within which to assess performance across studies and for a broader range of EDSS. This mixing of different studies and performance measures adds noise to the composite tested, thereby making it more difficult to detect a change in the MSFC. Therefore, we believe that the concurrent and predictive validity demonstrated in this study may actually underestimate the predictive value of the MSFC.
An important design consideration is the elimination of practice effects. Such effects, if not controlled for in the design of a study, will lead to artificially poorer performance at baseline masking subsequent change. While most drugs today are directed at modifying disease activity, the future hopefully will produce therapies that lead to improvement.
While there are limitations in any meta-analysis, we believe the approach we took to be both conservative and valid. We were limited to data collected in the past, and the datasets available were dominated by the EDSS. Therefore, there was a relatively limited amount of data on alternative measures. Furthermore, validation of candidate measures against the EDSS results in a circular argument. Demonstrating concurrent and predictive validity of a functional composite tested against the EDSS was encouraging. However, validating against changes in the EDSS may not be an optimal test of the MSFC performance as the EDSS is subject to error as well as variation. Patients are often entered into studies based on entrance criteria that include the EDSS. This can create EDSS misclassification that is subsequently seen as an EDSS change, but is actually unrelated to any biological progression. How often this type of misclassification occurred in the pooled datasets is unknown. Also, the EDSS is known to be insensitive to arm and cognitive changes, while the functional composite contains these components. This too might lead to reduced sensitivity and specificity in detecting EDSS change, suggesting that the composite does not adequately detect change over time when the problem potentially lies with the EDSS and not the composite. Additionally, failure to eliminate the learning curve can overestimate improvement and underestimate worsening. Furthermore, the learning curve is likely to differ among patients adding noise to the MSFC.
Despite these concerns and limitations, we were able to construct a quantitative functional composite that has the ability to identify EDSS change concurrently and also to exhibit changes in function that precede changes in the EDSS. The approach we used to identify a more sensitive outcome measure is not new. It has been used in the development of outcome measures for use in rheumatoid arthritis (Goldsmith et al., 1993) and in amytrophic lateral sclerosis (Brooks et al., 1994) .
Use of composites of quantitative functional tests within the multiple sclerosis community is also not new, but problems remain in the search for an optimal composite for multiple sclerosis (Syndulko et al., 1996) . The number of variables in any composite should be limited because of statistical parsimony. That is, including too many variables of which only a few exhibit change leads to composite scores that on average show little change. Also, there is increasing cost to adding more measures. Averaging of Z-scores, as presented here, may enable the simple substitution of different components in various disease severity ranges, thereby increasing the utility of this approach. However, a most encouraging finding is the good performance of the single composite over the wide range of EDSS represented in this study.
It must be kept in mind that we are searching for a composite that will work as a clinical outcome measure in a clinical trial. While the patients included spanned the entire EDSS range from low to high, this composite measure may not be suitable for individual patient care or evaluation and may not demonstrate a meaningful clinical change per se but be linked to clinical change. The predictive validity shown here supports the use of such a composite as a surrogate for clinically meaningful change in the setting of a clinical trial. While several pooled datasets were utilized for this validation, analyses within study datasets confirmed similar performance. These results are not shown because of our agreements only to use data in a masked fashion. Future studies should validate the MSFC against patient perceptions of improvement or worsening.
An attractive characteristic of the functional composite outcome measure is that measures within a clinical dimension are interchangeable; for example, if a performance test superior to the nine hole peg test or the box and block test is developed it may be substituted for the arm dimension. Similarly, the MSFC may possibly be improved by adding a component for visual function. However, clear guidelines need to be developed for comparing performance of new measures.
The MSFC is a continuous variable that tends to follow a normal distribution, although this is not essential. Normal distribution facilitates various types of analyses. The simplest approach is to treat change in the composite measure as a single post-treatment index of overall performance, and compare two randomized groups using a t test. However, the measure can also be used as a time dependent outcome where each group is assessed using survival analyses until the time of a specified amount of change has occurred. More sophisticated and generally more powerful forms of analysis are facilitated by newer longitudinal data methods capable of handling repeated measures over time.
The results presented herein demonstrate an evidence based concept of a specific type of composite useful for assessing longitudinal changes in multiple sclerosis patients. This composite was developed using the guidelines set forth by a National Multiple Sclerosis Society Task Force on Clinical Outcomes Assessment and meets the criteria set forth by this committee for defining a new outcome measure (Rudick et al., 1997) . This paper is not meant to be exhaustive in the evaluation of all potential measures, as the study was limited by the information collected by prior investigators. The measure should be tested in prospective studies to confirm our finding. The results do set forth a promising simple quantitative, functional composite of the major multiple sclerosis clinical dimensions as a potential outcome measure for future multiple sclerosis clinical trials.
